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Careful balance between structural stability and
flexibility is a hallmark of enzymatic function, and
temperature can affect both properties. Canonical
(fixed-backbone) enzyme design strategies currently
do not consider the role of these properties. Herein,
we describe the rational design of 100 temperature-
adapted adenylate kinase enzymes using a multi-
state design strategy that incorporates the impact
of conformational changes to backbone structure
and stability, in addition to experimental analysis of
thermostability and function. Comparison of the
experimental temperature of maximum activity to
the melting temperature across all 100 variants re-
veals a strong correlation between these two param-
eters. In turn, experimental stability data were used
to produce accurate predictions of thermostability,
providing the requisite complement for de novo tem-
perature-adapted enzyme design. In principle, this
level of design-based analysis can be applied to
any protein, paving the way toward identifying and
understanding the hallmarks of the thermodynamic
and structural limits of function.
INTRODUCTION
The functionally important conformational motions of enzymes
require thermal energy. In other words, the flexibility (and thus
function) of a given enzyme is unavoidably coupled to tempera-
ture. Expressly, if the environment is too cold, the enzyme may
either be trapped in inactive conformations or undergo the
necessary conformational changes so slowly that catalysis no
longer occurs at a metabolically useful rate. In contrast, if the
milieu is too warm, the enzyme may lack sufficient structure for
substrate binding. This is evident when comparing mesophilic
and hyperthermophilic enzymatic homologs of adenylate kinase
(AdK), in which each protein functions optimally in different
thermal niches and is enzymatically dead within a few degrees
outside this temperature (Wolf-Watz et al., 2004). Although the218 Structure 22, 218–229, February 4, 2014 ª2014 Elsevier Ltd All ractive site of the AdK homologs are nearly identical, modest
changes in the backbone structures accompany differences in
amino acid composition (Wolf-Watz et al., 2004), implying that
both protein stability and ground-state backbone structure can
influence temperature-adapted function.
Remarkably, single-state (fixed-backbone) computational
design methods have advanced to the state that catalytic prop-
erties can be conferred in previously inert protein scaffolds
(Jiang et al., 2008; Privett et al., 2012; Ro¨thlisberger et al.,
2008; Siegel et al., 2010). The rational design of protein catalysts
continues to be an invaluable tool to challenge and drive our
fundamental understanding of these complex structure-function
relationships. Although the accomplishments to date have been
outstanding, single-state rational enzyme design continues to
suffer from a number of notable shortcomings. Namely, single-
state computational protein design (CPD) alone confers modest
enzymatic function and usually requires subsequent rounds of
refinement by directed evolution to realize substrate-to-product
turnover on a par with those observed in naturally occurring
enzymes (Khersonsky et al., 2011). In many cases, the arbitrary
mutations introduced postdesign do not modify the active site;
instead, mutations occur adjacent to the catalytic site (Ro¨thlis-
berger et al., 2008). Accordingly, our detailed understanding
of enzyme function beyond the active site is incomplete. In a
standard (single-state) CPD approach for conferring enzymatic
function, the focus is on predicting the catalytic site (i.e., general
reaction mechanism) and identification of fixed-backbone
protein scaffolds that can accommodate the putative transition
state. For the sake of tractability, all other aspects of the reaction
are effectively ignored (e.g., changes in backbone structure,
protein stability, and reaction temperature).
To our knowledge, the rational design of temperature-adap-
tive enzyme function has not been realized. We hypothesize
that changes in backbone ground-state structure can influence
design outcomes when conferring stability via CPD. Further-
more, considering that enzymes function in a narrow tempera-
ture range and function is believed to be influenced by the
protein’s stability (Fields, 2001; Pen˜a et al., 2010; Wolf-Watz
et al., 2004), we also hypothesize that conferred stability that
does not significantly influence active site geometry and compo-
sition will result in a predictable shift in the temperature of
maximal enzymatic activity (Tma), similarly to shifts observed
when mesophilic and thermophilic enzymatic homologs areights reserved
Figure 1. Schematic Representation of the Discrete Multistate Computational Design Strategy for Generating the 100 Rationally Designed
Adenylate Kinases
(A) Design constraints: a cartoon of adenylate kinase with the side chains of the design sites indicated by blue and light blue spheres is shown, where the
blue spheres represent evolved positions (i.e., the design boundary) and the light blue spheres indicate additional core design positions (see Experimental
Procedures). Substrate analogue AP5A is shown in stick format, bound to the active site.
(B) Multistate backbone constraints: a tree depicting the backbone structural diversity of each of the progenitor backbone conformations (BCs) is shown. Note: a
rooted tree of the BCs is shown in Supplemental Figure S1.
The microstates that represent the discrete backbone ensemble are defined by minimized structures of seven reported (Bae and Phillips, 2004; Coun˜ago et al.,
2006; Miller et al., 2010) structures of Bacillus subtilis adenylate kinase with greater than 99% sequence identity. Each progenitor template (i.e., backbone
conformation) was used to generate ten rank-ordered design variants. Backbone conformations BC4, BC5, and BC7 were subjected to a second round of
computational design (indicated by asterisks) in which the secondary mutations (G213E, A193V, and Q16L, respectively) were constrained in order to allow
redesign around the known stabilizing mutations, generating an additional 30 variants (also see Table S1). Discrete backbone conformation identifications with
corresponding PDB identifications are shown, and point mutations are given in the key.
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that considers changes in backbone structure and experimental
characterization of redesigned proteins, with feedback between
the two) provides the best opportunity to systematically pose
and test hypotheses with regard to expanding our understanding
of enzyme function and how temperature-adaptive function may
occur in nature. Accordingly, the logical next step in the rational
design of enzymes is to define and design the enzymatic reaction
at a given temperature by leveraging discrete changes in the
backbone structure that can influence conferred thermostability.
However, anticipating the most relevant backbone conforma-
tions during the design of an enzyme is a daunting task because
of the lack of realistic constraints on backbone movement.
To determine whether conferred stability and initial ground-
state structure can influence enzyme function, we rationally
designed 100 AdK proteins using seven discrete backbone
structures as input to achieve a broad range of thermostabil-
ities (Figure 1 and Table 1). In turn, each AdK protein variant
was expressed and experimentally characterized for thermosta-
bility (using differential scanning calorimetry (DSC)) and temper-
ature-adapted function. Analysis of the thermodynamic data
derived from DSC revealed that discrete multistate backbone
conformational input can influence the design outcome when
conferring stability. Next, the comparison of the temperature of
Tma to the corresponding melting temperature (Tm) of a given
AdK variant results in a strong correlation (R2 = 0.58) between
these two thermal parameters (i.e., Tm is proportional to Tma,
though the relationship is less than unity). Finally, the stability
data (Tm) and structural input were used to produce accurate
stability predictions for the AdK variants, thus providing
the necessary thermometric (i.e., predicted Tm) to rationally
design an AdK enzyme that functions optimally at a given
temperature.Structure 22, 21RESULTS
Rational Design of 100 Temperature-Adapted AdK
Enzymes Using a Discrete Multistate Design
CPD was used to generate a series of temperature-adapted
AdKs that occupy a broad distribution of thermostabilities. The
design goal was directed to confer a range of stabilities within
a subsection of the core domain, with minimal perturbation of
the active site of the enzyme. The boundary for the segment of
the AdK protein core targeted for redesign is defined by six res-
idues previously identified via molecular evolution (Coun˜ago
et al., 2006) that allow for thermal adaptation of Bacillus subtilis
AdK function (Figure 1A). Achievement of significant diversity
when conferring stabilities (ostensibly) requires modest back-
bone movement. Accordingly, an ensemble of discrete back-
bone structures was defined by a collection of seven known
high-resolution B. subtilis AdK structures (Bae and Phillips,
2004; Miller et al., 2010) representing proteins with different
backbone conformations and thermostabilities while retaining
greater than 99% sequence identity (Figure 1B and Figure S1
available online). Namely, wild-typeB. subtilisAdK (Bae and Phil-
lips, 2004) and six temperature-adapted variant structures (Cou-
n˜ago et al., 2006; Miller et al., 2010) that minimally diverge from
the wild-type primary sequence by only one or two mutations
were used as starting scaffolds in the generation of seven inde-
pendent design clusters composed of ten variants each (Figure 1
and Table 1). Within the initial set of designs, three clusters
(BCs; i.e., BC4, BC5, and BC7) failed to conserve the parental
mutations (that confer additional stability) at least 50% of the
time upon redesign (see Table S1). In order to preserve the
parental mutations throughout the design clusters, a second
set of designs was made for the three clusters within which
the parental mutations were constrained, ensuring that any8–229, February 4, 2014 ª2014 Elsevier Ltd All rights reserved 219
Table 1. Sequence Comparison of the Adenylate Kinase Multistate Design Set ‘‘a’’
Design Cluster
Design Position
3 5 16 20 24 26 109 111 113 179 195 208 211 212 213 214
BC1 L L Q I Y I Y I I T V V L L G G
BC1.a.DS1 I – I – W – – F L I I L F – – –
BC1.a.DS2 I – I – W – – F L I I L F – – –
BC1.a.DS3 I – I – W – – F L I – L W – – –
BC1.a.DS4 I – I L W – – F L I I L F – – –
BC1.a.DS5 I – I – W – – F L I – L W – – –
BC1.a.DS6 I – I L W – – F L I I L F – – –
BC1.a.DS7 I – I L W – – F L I – L W – – –
BC1.a.DS8 I – I – W – – F – I L L W – – –
BC1.a.DS9 I – I L W – – F L I – L W – – –
BC1.a.DS10 I – I – F – – F L I I L F – – –
BC2 L L Q I Y I Y I I T V V L L G G
BC2.a.DS1 I – I – F – – V L W I L I – R –
BC2.a.DS2 I – I – F – – V L W I L I – R –
BC2.a.DS3 I – I – F – – V L I I L I – R –
BC2.a.DS4 I V I – F – – – L W I L I – R –
BC2.a.DS5 I V I – F – – – L W I L I – R –
BC2.a.DS6 I V I – F – – – L I I L I – R –
BC2.a.DS7 I – I – F – – V L F I L I – R –
BC2.a.DS8 I V I – F – – – L I I L I – R –
BC2.a.DS9 – – L – F – – – – W – L I – R –
BC2.a.DS10 I – L – F – – V L W I L I – R –
BC3 L L Q I Y I Y I I T V V L L G R
BC3.a.DS1 I – I – F – W F L L I L F – K –
BC3.a.DS2 I – I – F – – F L L I L F – K –
BC3.a.DS3 I – I – F – W F L L – L F – K –
BC3.a.DS4 I – I – F – – F L L I L F – K I
BC3.a.DS5 I – I – F – – F L L – L F – K –
BC3.a.DS6 I – I – F – W F L L – L F – F –
BC3.a.DS7 I – I – F – – F L L I L F – F –
BC3.a.DS8 I – I – F – W F L L I L F – K –
BC3.a.DS9 I – I – F – – F L L I L F – K –
BC3.a.DS10 I – I – F – – F L L – L F – K I
BC4a L L Q I Y I Y I I T V V L L E G
BC4.a.DS1 -– – I – R – – – – I I I – – R F
BC4.a.DS2 I – I – R – – F L I I I F – R K
BC4.a.DS3 I – I – R – – F – I I I F – R K
BC4.a.DS4 -– – I – R – – – L I I I – – R F
BC4.a.DS5 -– – I – R – – – – I – I F – R F
BC4.a.DS6 -– – I – R – – – – I – I I – R K
BC4.a.DS7 -– – I – R – – – – I I I – – R F
BC4.a.DS8 -– – I – R – – – – I – I I – R R
BC4.a.DS9 I – I – R – – – L I I I – – R F
BC4.a.DS10 -– – I – R – – – – I I I – – I F
BC5a L L Q I Y I Y I I T V V L L G G
BC5.a.DS1 I – I – F – – F L I I L F – K –
BC5.a.DS2 I – I – F – – F L I I L F – R –
BC5.a.DS3 I – I – F – – F L I I L F – K –
(Continued on next page)
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Table 1. Continued
Design Cluster
Design Position
3 5 16 20 24 26 109 111 113 179 195 208 211 212 213 214
BC5.a.DS4 I – I – F – – F L I I L F – R –
BC5.a.DS5 I – I – F – – F L I I L F – K –
BC5.a.DS6 I – I – F – – F L I I L F – R –
BC5.a.DS7 I – I – F – – F L I I L F – K S
BC5.a.DS8 I – I – R – – F L I I L F – R –
BC5.a.DS9 I – I – F – – F L I I L F – K –
BC5.a.DS10 I – I – F – – F L I I L F – R –
BC6 L L Q I Y I Y I I I V V L L G G
BC6.a.DS1 I – I – F – – – – – – L I – R –
BC6.a.DS2 I – I – F – – F – – – L F – R –
BC6.a.DS3 I – I – F – – – L – I L I – R –
BC6.a.DS4 I – I – F – – – L – I L I – R –
BC6.a.DS5 I – I – F – – F L – – L F – R –
BC6.a.DS6 I – I – F – – V L – – L I – R –
BC6.a.DS7 -– – I – F – – – – – – L I – R –
BC6.a.DS8 I – I – F – – V L – I L I – R –
BC6.a.DS9 I – I – F – – – – – – L I – R –
BC6.a.DS10 I – I – F – – – L – I L I – R –
BC7a L L L I Y I Y I I T V V L L G G
BC7.a.DS1 I – I L K F – – – I – L I – R –
BC7.a.DS2 I – I L K F – F – I I L F – R –
BC7.a.DS3 I – I L K F – F – I I L F – R –
BC7.a.DS4 I – L K F – – L I I L I – R –
BC7.a.DS5 I – I L K F – – – I I L I – R –
BC7.a.DS6 I – L R F – – L I I L I – R –
BC7.a.DS7 I – F W F – – – I I A I F R –
BC7.a.DS8 I – L W F – – – I I L I – R –
BC7.a.DS9 I – L K F – – L I I L I – K –
BC7.a.DS10 I – I L R F – – – I – L I – R –
3 5 16 20 24 26 109 111 113 179 195 208 211 212 213 214
aSequences for design set ‘‘b’’ are given in Table S1.
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preserved, thus generating 30 additional AdK variants. Analysis
of the primary amino acid sequences of the resulting 100 AdK
variants revealed that 98% of the sequence space is nonsynon-
ymous. Table S1 lists the primary structures for each of the AdK
variants. Sequence-based phylogenic analysis of the designed
variants, relative to known AdKs from several common micro-
organisms, is shown in Figure S2. Examination of the protein
sequences revealed that the variants designed in this study do
not overlap with any known primary sequences observed in
nature. In addition, the designed sequence space diverges
from all known thermally adapted AdK variants acquired via
molecular evolution.
Experimental Characterization of Protein Stability for
100 AdK Enzymes
From among each of the design sets, the AdK variants were
rank-ordered by Drieding (CPD) energies (Dahiyat and Mayo,
1997; Mayo et al., 1990), of which the top ten designs fromStructure 22, 21each cluster were directed into gene fabrication. Each putative
temperature-adapted AdK enzyme was overexpressed in
Escherichia coli and purified for subsequent experimental
characterization of the thermal properties of the enzyme. The
thermostability of each of the purified design variants was
determined using DSC. All thermal melts were observed to be
reversible under the conditions tested (see Experimental Proce-
dures). Fitting of the thermograms was achieved by assuming a
two-state reaction, producing melting temperature (Tm),
enthalpy change (DHm), and heat capacity change (DCp) values
for each protein (Table S2). In turn, the modified Gibbs-
Helmholtz equation (Becktel and Schellman, 1987) was used
to calculate the temperature dependence of the free energy
change for protein unfolding (DG) for each variant. Figure 2A
is a plot of various isotherms of the calculated free energy
versus the experimental Tm. Tm is frequently used as a proxy
for stability. In this analysis, it shows that DG(T)calc has an
excellent correlation with Tm, where the intersection in which
DG = 0 is equivalent to the melting transition for a given variant.8–229, February 4, 2014 ª2014 Elsevier Ltd All rights reserved 221
Figure 2. Assessment of Thermodynamic
Properties of AdK Designs
(A) Isotherms correlating Tm and the temperature-
dependent DGunfolding calculated using the modi-
fiedGibbs-Helmholtz equation are shown at select
temperatures for the complete design set (tabu-
lated data are given in Table S2). The indicated line
at DG = 0 reflects the transition point between
folded and unfolded populations.
(B) The full correlation of DG to temperature is
shown for each of the progenitor templates. The
representative plots of temperature versus DG for
the progenitors show two notable points: the
temperature (T*) at which the maximal value of DG
is observed and the melting temperature (Tm) at
which DG = 0.
(C) The calculated T* values for the complete
design set revealing the presence of a broad dis-
tribution, with an average value of 11.5C, shown
as a red dashed line.
(D) A plot of the free energy of maximal stability
DG(T*)calc versus Tm (where N = number of
residues). The correlation is in good agreement
with the observations made by Rees, Robertson
and colleagues (Robertson and Murphy, 1997;
Rees and Robertson, 2001). Filled circles indicate
proteins tabulated by Robertson and Murphy
(1997). Open circles indicate proteins from
hyperthermophiles (Rees and Robertson, 2001). X
symbols indicate T4 lysozyme variants (Rees and
Robertson, 2001).Gray circles indicateAdKdesign
variants. The solid line represents the fit to previ-
ously reported data, the dashed black line is a fit to
all data, and the dashed gray line is a fit to only data
collected in this study.
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change is observed for all variants; namely, the variants
become more stable as the temperature decreases—to a point
(see Figure 2B). In principle, to a reasonable approximation, the
temperature of maximal stability (T*) for globular, water-soluble
proteins typically occurs at about 9.85C; however, the distribu-
tion of T* values can be quite large (e.g., 28.15C–59.85C) for
many proteins (Rees and Robertson, 2001; Robertson and
Murphy, 1997). The AdK variants assessed in this study have
an average T* value of 11.45C, with a distribution of
30.85C–+38.15C (Figure 2C and Table S2). The general
behavior of the stability curves for the AdK variants observed
in this study suggests that, on average, increases in Tm are
associated with increases in the free energy of maximal stability
DG(T*)calc (Figure 2D), which is in good agreement with the
observation made by Rees, Robertson, and colleagues (Rees
and Robertson, 2001; Robertson and Murphy, 1997). T* repre-
sents the temperature at which a given variant is most stable,
thus T* is the temperature at which a given enzyme is likely to
be least active (Wolf-Watz et al., 2004). In contrast, the Tm is
(or is near) the temperature at which a given enzyme is presum-
ably the most active (Coun˜ago et al., 2006; Pen˜a et al., 2010).
Accordingly, the Tm of a given AdK variant will be used as the
principal metric for protein stability throughout this study.
Assessment of the complete design set shows that we have
extended the observable Tm stability range from 50
C–62C
(for the seven parental AdK scaffolds) to 50C–72C for the222 Structure 22, 218–229, February 4, 2014 ª2014 Elsevier Ltd All rcomplete set of designs, with a fairly uniform distribution of sta-
bilities across the AdK designs.
Assessing the Influence of Input Structural Scaffolds
and Thermodynamic Limits
In general, the discrete multistate backbone CPD approach was
able to confer stability (DTm) in six of the seven input scaffolds,
i.e., 80%of the variants (Figure 3A). Interestingly, themost stable
input scaffold, BC7 (i.e., containing the Q199R/Q16L mutations),
did not allow for additional stability upon redesign, suggesting a
stability limit for this sector of the protein under the conforma-
tional bias of the BC7 backbone structure. A similar trend was
observed when evaluating the difference in entropy of the BC7
design cluster relative to the six other design clusters based
on backbone conformations with lower Tm (Figure 3B). Most
designs show a commensurate decrease in conformational
entropy (Figure 3B) with a compensatory increase in DHm (Fig-
ure 3C) following redesign of the protein core. Most designs
show a commensurate decrease in conformational entropy
(DDSm) following redesign of the protein core (Figure 3B). How-
ever, in the case of the most stable input scaffold, BC7, 70%
of the BC7.a cluster shows an increase in DDSm relative to the
corresponding progenitor. As the initial BC7.a design set did
not retain the Q16L mutation, which confers 11.1C additional
stability in the parent scaffold, a second cluster with the Q16L
mutation constrained was generated to determine whether the
loss in stability was due to a simple point mutation. Interestingly,ights reserved
Figure 3. Observed Thermal Properties for Each Design Are Decomposed Into Seven Thermodynamic Metrics
(A) DTm.
(B) DDSm.
(C) DDHm.
(D) DDCp.
(E) DT*.
(F) DDGunfolding(T*).
(G) D(Tm  Tc), with each shown as the difference relative to the physical properties observed for each progenitor template [i.e., D = (design value) – (progenitor
value)]. Tabulated data are given in Table S2.
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the DTm values for the BC7.b cluster showed a trend similar to
that observed for the BC7.a cluster, though it was attenuated
for 40% of the variants.
In addition to divergences in stability and entropy, both of the
BC7 clusters showed a corresponding increase in relative heat
capacities (DDCp) (Figure 3D). In general, approximately 91%
of the AdK variants with conferred stability showed a corre-
sponding decrease in DDCp. This decrease in relative DCp likely
reflects a decrease in the exposure to water of hydrophobic
groups that were buried in the native state (Rees and Robertson,
2001; Robertson and Murphy, 1997). Accordingly, the increase
in DDCp observed in 90% of the BC7.a/b variants reflects an
increase in the exposure of the hydrophobic groups. Conse-
quently, this change in DCp narrows the stability curve (reflected
in the relative difference between the Tm and cold denaturation
temperature (Tc) (Figure 3G) and shifts T* to higher temperatures
(Figure 3E), resulting in a decrease in relative free energy of
maximal stability DDG(T*) (Figure 3F).
Reconciling Function and Conferred Stability
To demonstrate the extent to which conferred protein stability
affects AdK function, each of the design variants was experi-
mentally characterized for the temperature-adapted enzymatic
function: thermoactivity. The observed activity (i.e., ADP syn-
thesis by means of a phosphoryl transfer from ATP to AMP)
for a given variant was assessed as a function of temperature,
permitting the identification of the temperature at which eachStructure 22, 21enzyme has maximum activity (Tma; see Figure 4). All design
variants have Tma that significantly exceeds the correspond-
ing T* values (Figure 4A; also see Table S2). In addition, the
designed AdK variants in total possess enzymatic activity,
whereas the majority of the variants (95%) retain at least 50%
Tma relative to the Tma observed for the corresponding pro-
genitors (Figure 4B). Of the AdK variants, 30% have optimal
activities that exceed progenitor function. Notably, 80% of
the variants from the BC5.b design set, in which the mutation
A193V is constrained, show an increase in relative activity
compared to the BC5.a design cluster. Interestingly, on
average, the relative conformational entropy is 0.53 kJ mol1
K1 greater for the AdK variants containing the A193V
constraint, reflecting a general increase in the conformational
entropy (Figure 3B). A similar function-to-entropy trend is
observed when comparing the BC4 design clusters, where
cluster (a), on average, has a relative conformational entropy
that is 0.44 kJ mol1 K1 greater than cluster (b), with an
observed increase in activity for cluster (a). A reasonable sup-
position based on this observation is that the additional entropy
can be leveraged to enhance activity within a given protein
scaffold. However, the larger entropic gain for the cluster
BC5.b appears to be offset by a loss of DHm (i.e., an average
loss of 74 kJ mol1) (Figure 3C), suggesting an upper limit for
the increase in conformational entropy for the enzyme scaffold.
Comparison of Tma with the corresponding Tm for the AdK
designs examined in this study (Figure 4C) reveals a strong
correlation between these two thermal parameters, with8–229, February 4, 2014 ª2014 Elsevier Ltd All rights reserved 223
Figure 4. Correlation of Designed Stability and Altered Enzymatic
Properties
(A) The thermal ranges for which activity is observed for each of the designs.
The circles indicate the temperatures at which maximum activity (Tma) was
observed, flanked by bars indicating the range within which greater than 90%
Tma was observed.
(B) Activity for each of the designs, normalized to the activity observed for each
of the respective progenitors.
(C) The plot of thermostability (Tm) versus thermoactivity (Tma) reveals a strong
correlation shown by the trend line in black (i.e., R2 = 0.58). The standard
deviations for Tm and Tma are indicated by flanking bars. The correlation be-
tween Tm and Tma is clearly divergent from a direct correlation (i.e., slope = 1)
indicated by asterisks. Activity data are tabulated in Table S2.
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as a proxy for identifying the temperature of Tma. Interestingly,
the transition Tm for the AdK variants are found to be higher
than the temperatures at which the proteins experience
maximal activity. Accordingly, the slope of the regression
correlating the Tma and the Tm is found to be less than 1 with
a slope of 0.63 (also see Supplemental Experimental Proce-
dures), suggesting a suppression of maximal activity due to
structural stability limits.
Stability Predictions: Benchmarking Various Scoring
Models
A critical component in the rational design of temperature-
adapted enzymes (based on the observation made above; see
Figure 4) is the necessity of reliably and accurately predicting
thermostability. A number of attempts have been made to
generate predictive tools to assess changes in protein stability
induced by mutation, which are comprised of highly divergent
methodologies (Khan and Vihinen, 2010; Potapov et al., 2009).
Many of the methods are developed solely for the assessment
of singular mutational changes and are not readily amenable to224 Structure 22, 218–229, February 4, 2014 ª2014 Elsevier Ltd All rthe large number of mutations introduced by protein design.
Furthermore, even within the framework of single point muta-
tions, the performance of these predictive methods is not robust
enough to serve as an efficient prefilter for design fabrication,
let alone as feedback into a design cycle. To this end, the
collected data set of 100 AdK design variants with correlated
experimental stability data (Tm) were used to benchmark several
in silico stability predictions. In a first approximation, the experi-
mental Tm values were compared to energies assigned via the
generic (fixed-structure) design output score (i.e., Drieding
energies) (Dahiyat andMayo, 1997;Mayoet al., 1990) (Figure 5A).
This assessment produced a modest correlation (R2 = 0.34) that
is onparwith someof thebest predictivemethods (Potapov et al.,
2009). However, the design clusters can be seen to be nearly
isoenergetic. Design clusters BC3, BC4.a, and BC6 have the
best correlation, whereas clusters BC7.a, BC5.b, and BC4.b, all
havebroader Tmdistributions, producing a significant divergence
from the trend line. In an effort to explore alternate scoring
methods, the experimental data were used to challenge several
common scoring potentials and corresponding molecular
modeling techniques. Specifically, scoring carried out by using
Rosetta v3.4 software (Das and Baker, 2008; Rohl et al., 2004),
FoldX v3.0 software (Guerois et al., 2002), and Modeller v9.11
software (Martı´-Renom et al., 2000; Sali and Blundell, 1993) (via
the discrete optimized protein energy [DOPE] potential; Shen
and Sali, 2006) were evaluated, whereby each of the alternate
scoring methods was used to directly evaluate the initial (fixed-
structure) design output (Figure 5B; also see Figures S3B–S3D).
Each of the alternate scoring methods produced a more uniform
distribution of energies when used to evaluate the original struc-
tural predictions for each of the designs. However, the observed
correlation between the energy score and the experimental Tm
were at best similar to the value obtained in the Drieding compar-
ison andgenerally showedpoorer correlation (i.e., R2 <0.3). Next,
the functions of each of these complementary modeling suites
were exploited to allow slight (model-specific) perturbation of
the structures to determine whether minor alterations to and
additionalminimization of eachof the respectivepotentialswould
result in improved correlation (Figure 5C; also see Figures S3E–
S3G and Experimental Procedures). Rescoring with remodeled
structures derived from both Rosetta and FoldX, in which
fixed backbone geometries were preserved but side-chain
repositioning was allowed, resulted in further diminishment of
the correlation to experimental Tm (i.e., R
2 = 0.10 and R2 = 0.05,
respectively) (Figures S3E and S3F). However, when modest
backbone movement occurred (based on the initial CPD struc-
tural output) by way of homology modeling (i.e., via Modeller
v9.11), the rescored structures revealed a significant improve-
ment in the DOPE correlation (i.e., R2 = 0.41) (Figure 5C).
Improving Stability Predictions, Iterative Homology
Modeling, and Backbone Reassignment
Initial evaluation of the DOPE scoring strategywas further refined
by relating each of the design sets back to its respective progen-
itor structure (Figures6Aand6BandFigureS4). As is evident from
the structural diversity in each of the progenitor structural back-
bone conformations (Figure 1), minor sequence changes can
effect structural changes,which in turn can strongly affect subse-
quent efforts at modeling and scoring the designs. Thus, ratherights reserved
Figure 5. Benchmark Scoring Models,
Comparison of Several Common In Silico
Scoring Methods to the Observed Thermal
Properties of the Design Set
Each of the scoring methods uses ORBIT struc-
tural output, from which the original ranking of the
CPD variants was ordered according to Drieding
energies.
(A) Assessment of the experimental Tm values
relative to CPD-derived Drieding energies is illus-
trated, with deviations from the trend line shown
on the right.
(B) Reassessment of raw fixed-structure CPD
(ORBIT) output rescored via the Rosetta potential
correlated to the experimental Tm values for the
AdK design set (right), with deviations from the
trend line.
(C) Correlation of experimental Tm values to
remodeled CPD (ORBIT) structures introducing
modest backbone movement (i.e., using Modeller
v9.11 scored via the DOPE potential), histogram
representing deviations from the trend line is
shown in the right column (expansion given in
Figure S3).
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Enzymatic Thermal Adaptation by Rational Designthan restricting themodeling of a given design back to its respec-
tive progenitor backbone conformation (Figure 6C), each design
wasmodeled to all structural templates, and the observance of a
more favorable score for models based on an alternative struc-
tural template was used to infer the drifting of a given design
away from the assumed specific progenitor backbone conforma-
tion to any of the known structural templates (Figure 6D). Imple-
mentation of backbone drift modeling permitted a substantial
increase in defining a correlation between the model scoring
and the experimentally measured Tm, R
2 = 0.83. This correlation
could be further improved by inclusion of the second chain pre-
sent in each of the progenitor backbone conformations (B chain)
(Figure 6E). The two structures present in many of the progenitor
Protein Data Bank (PDB)-deposited backbone conformations
show substantial variation between the A and B chains, thus
serving to broaden the number of distinct structural microstates
accessible for modeling each design. Expansion of the back-
bone drift modeling to all progenitor backbone conformations
(12 microstates) allows improvement of the correlation between
DOPE scoring and the experimental Tm to R
2 = 0.89. A simplified
schematic of the progressive changes in the modeling strategies
and the subsequent correlation between the in silico scoring and
the experimental Tm is shown in Figure 6.Structure 22, 218–229, February 4, 2014Tolerance of Stability and Tma
Predictions
Though the clear progression in the sta-
bility correlations is evident Figure 6, the
practical interpretation of the effective-
ness from which one may move from
the design sequence space to the
actual physical properties of the pro-
teins is perhaps best represented by
the creation of discrete bins defined by
threshold deviation of the predicted
physical properties from the experimen-tally observed Tm. This evaluation is shown for each of the
scoring methods in Figure 7A. Although at the high threshold
of 5C the majority of the designs (90% or greater) are
correctly predicted within the tolerance, even with the
lower correlation modeling strategies. Under more stringent
thresholds, however, the number of accurate predictions
for the lower correlation strategies falls off sharply, whereas
more than 50% of the predictions based on the backbone
drift modeling remain correct, even down to a threshold
of 0.5C.
Furthermore, the observed relationship demonstrated across
the design sets linking the limit of structural stability, Tm, with
the temperature at which the enzymes exhibit the greatest
activity, Tma (Figure 4C), can be leveraged in a similar manner
to assess the ability to accurately make predictions from the
in silico scoring to the subsequent changes in the enzymatic
thermal properties. The ability to predict the functional properties
is shown in Figure 7B, where the Tma is correctly predicted for at
least 50% of the design variants at a threshold of 2.5C and
90% within 5C. However, backbone drifting appears to have
little effect on improving thermoactivity predictions (Figure 7B).
This observation suggests that the conformational bias and
structural stability of the enzyme’s ground state are necessaryª2014 Elsevier Ltd All rights reserved 225
Figure 6. Expansion and Refinement of Modeling Techniques for Improved Correlation to the Experimentally Determined Stabilities for the
AdK Design Set
The presence of a second chain in a number of the progenitor PDB structures creates the possibility of enlarging the modeling space.
(A) An expansion of the tree in Figure 1B is shown (with rooted tree given in Figure S1B), including the additional nondegenerate structures.
(B–E) The progressive utilization of the larger backbone space to improve correlation of the in silico predictions to physical properties of the designs.
(B) Single backbone: the sequences of the design set are modeled to a single structural template (2QAJ:A) (also see Figure S4).
(C) Discrete backbone: the sequences of the design set are modeled to the PDB structure of the progenitor used in the initial design calculation (chain A only).
(D) Backbone drift (A): design sequences are iteratively modeled to each of the chain A progenitor PDB structures.
(E) Backbone drift (A/B): sequences are iteratively modeled to all progenitor PDB structures (assessment of electrostatics given in Figure S5).
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Enzymatic Thermal Adaptation by Rational Designbut not sufficient to accurately predict temperature-adapted
activity.
DISCUSSION
Hallmarks of Temperature-Adapted Function
CPD was initially used as a tool to improve our understanding of
the intrinsic properties of proteins. Current CPD methods have
evolved into practical tools for identifying amino acid sequences
that enhance protein stability (Malakauskas and Mayo, 1998),
modify binding specificity of small molecular ligands (Lassila
et al., 2006), produce a novel protein fold (Kuhlman et al.,
2003), increase protein solubility (Jacak et al., 2012), and, in a
limited fashion, can be used to confer catalytic properties in an
inert protein scaffold (Privett et al., 2012). Herein, we show that
strategically conferred stability can be used to produce
temperature-adapted AdK function. Namely, redesigned AdK
stability variant’s Tm—i.e., conferred stability that is complemen-
tary to active site residues—is correlated with the enzyme’s226 Structure 22, 218–229, February 4, 2014 ª2014 Elsevier Ltd All ractivity maxima (Figure 4C). However, the temperature at which
a given AdK variant has Tma is 90% of the Tm on average (see
Supplemental Experimental Procedures for more detail). A
similar correlation has also been observed when an evaluation
of Tm correlated to habitat temperature of eye lens crystallins
from a variety of vertebrate species adapted to a range of
temperatures (Fields, 2001; McFall-Ngai and Horwitz, 1990).
This implies that the Tm is an indirect metric of the dissociation
of tertiary structure that perturbs active site geometry at temper-
atures lower than those necessary for denaturation. Thus, the
global stability is an experimentally tractable correlate of protein
function. This observation is consistent with the theory of corre-
sponding states, according to which homologs from different
thermal niches are in similar states of rigidity at their respective
optimal temperature; thus proteins are believed to possess
similar active site geometries at the temperature of maximal
function (Radestock and Gohlke, 2011). Accordingly, consider-
ation of the stability and structures of the transition state will
likely result in improved Tma correlations (Figure 4C) andights reserved
Figure 7. Evaluating the Ability to Predict
Thermostability and Thermoactivity
(A) Discrete bins indicating the correct prediction
of thermostability (Tm) at a given threshold of
accuracy are shown.
(B) Discrete bins indicating the correct prediction
of thermoactivity (Tma) at a given threshold of
accuracy are shown.
At a threshold of 0.50C, the Tm of more than 50%
of the designs are correctly predicted. Within the
tolerance of 5C, both the thermostability and
thermoactivity of more than 90% of the designs
are correctly predicted.
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Enzymatic Thermal Adaptation by Rational Designstructure-based prediction of the temperature of Tma (Figure 7B).
This will be the subject of future work.
Lessons Learned from Considering Multiple States of
the AdK Backbone
Enzymes are protein catalysts that depend on an intricate
balance between structural stability and flexibility. Accordingly,
CPD which incorporates multiple states of a given protein’s
backbone has been identified as an ostensibly necessary next
step to improve the rational design of enzymatic function (Privett
et al., 2012). Herein we show how the initial conformation of the
AdK backbone used as input in the design calculation can influ-
ence or restrict our ability to produce temperature-adapted
function. Namely, the backbone conformation of the most stable
input scaffold BC7 failed to produce an increase in AdK stability,
whereas the six input scaffolds with lesser stabilities allowed for
the conferral of extra stability through redesign (Figure 3) and
resulted in Tma that exceeded progenitor values (Figure 4).
Additional design clusters for scaffolds BC4 and BC5 reinforce
the notion that the backbone conformation (not solely the
protein’s initial composition) has a significant influence on the
design outcome. Namely, this is echoed in the behavior of
the second design clusters, including the parental mutations
that result in similar thermodynamic trends as the initial design
clusters (Figure 3).
Consideration of multiple (discrete) backbone conformations
also improves stability predictions (Figures 5 and 6). Namely,
allowing AdK variants to sample other discrete backbone
conformations significantly improved DOPE-based stability
predictions, thus providing a tractable approach for remodeling
the backbone to compensate for changes in amino acid
composition. Accordingly, this advance will improve our ability
to anticipate both the composition and exact structural detail
of enzymatic homologs that can occupy different thermal niches
in nature. However, a few improvements are needed in terms of
scoring putative electrostatic interactions before this level of
design-based analysis is fully realized. For example, though
theBC4.a variants have accurate stability predictions (Figure 6E),
many of the BC4.b variants that include the 213E electrostatic
interaction are outliers on the trend line (Figure 6E). This finding
is not surprising, considering our general lack of ability to accu-
rately predict energies associated with electrostatic interactions
within proteins during protein design (Vizcarra et al., 2008), and
due to our modest attention to them in this study (Figure S5
and Table S3).Structure 22, 21An additional (potential) benefit of stability and/or structure
predictions that incorporate discrete changes in a given
protein’s backbone conformation is in the form of structural
feedback that can influence active site geometry. Thus, accurate
stability predictions based on discrete backbone changes
(Figure 6) can be used to anticipate changes in the structure,
coupled to changes in amino-acid composition (e.g., stability
conferred via CPD), that can influence active site geometry.
This advance will improve our current ability (Figure 7B) to pre-
dict temperature-adapted function.
Should the current approach be used for other design goals? In
principle, the discretemultistate design strategy and correspond-
ing stability prediction method presented in this study should be
applied to any enzyme in which the optimal reaction temperature
needs to be specified or when protein stability may influence pro-
tein function (e.g., ligand-binding competence). To recapitulate
thisapproachwithotherprotein familieswill require the initial input
of several known backbone coordinates, as current design and
stability prediction approaches do not have realistic constraints
for backbone conformational changes to produce tractable
calculations.
Influence of Evolutionary Constraints on Design
Outcomes
A reasonable conclusion to draw from this study is that the
conformational biases of the backbone inputs and design
boundary (Figure 1) were critical to our findings. The thermo-
dynamic and functional trends are not likely biased by these
constraints, however, given that similar trends are observed
for naturally occurring homologs for different proteins (Fields,
2001; McFall-Ngai and Horwitz, 1990). Moreover, the lack of
overlap with other homologs of AdK, including variants
observed via molecular evolution (Figure S2), suggests that
design outcomes are not simply a recapitulation of what
has been observed in nature, underscoring the limited
influence of the evolutionary constraints used at the outset.
This is also reflected in the diversity and deviation of the back-
bone structure from the initial input (Figure 6). Accordingly, the
lessons that we have learned from this training data set can be
used for other design goals (e.g., conferring conditional
catalysis for other high-stress conditions). Although the
transfer of the design strategy to other enzymes to confer
temperature-adapted function should be relatively straightfor-
ward, adaptation to other milieus will likely require additional
metrics.8–229, February 4, 2014 ª2014 Elsevier Ltd All rights reserved 227
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Function
Data presented in Figure 3 suggest a new metric for scaffold
selection when conferring stability. Namely, the protein scaffolds
with the greatest stability (e.g., BC7 and possibly other thermo-
philes) may exist in a backbone conformation that reduces the
probability of conferring additional stability. In other words, the
most stable CPD input scaffoldmay reside near the stability limit,
thus any modification to amino acid composition will result in
destabilization. Accordingly, we can potentially identify the sta-
bility limit for the AdK structural scaffold, at least in a restricted
sense. Namely, to explicitly identify the putative thermal upper
limit of the AdK protein sector targeted in this study (Figure 1),
we evaluated protein Tm in terms of stability conferred via core
repacking only and core repacking with (putative) electrostatic
interactions (Figure S6). AdK variants in which stability is
conferred via core repacking have a putative upper thermal limit
of approximately 68C. Protein variants only exceed 68C if
additional electrostatic networks are introduced. In principle, all
positions in a protein scaffold can be redesigned (Dahiyat and
Mayo, 1997; Kuhlman et al., 2003), thus the absolute thermody-
namic limit of function for a given enzyme (or protein fold) can be
identified. Eventually, this level of design-based analysis can be
applied to an entire proteome. Once applied across a proteome,
we may be able to identify the hallmarks of the thermodynamic
limits of life. At the very least, we will be able to predict which
protein variants can be observed in a given thermal niche.
EXPERIMENTAL PROCEDURES
Computational Redesign of AdK Scaffold Using Discrete Backbone
States
AdK designs were conducted using a structure-based computational method
that draws on the ORBIT_v0.05 suite of protein design tools (Dahiyat and
Mayo, 1997; Mayo et al., 1990). Design constraints are based on boundary po-
sitions identified in a molecular evolution experiment in which natural selection
produced six temperature-adapted AdK enzymes. On the basis of the AdK
structures that served as a scaffold for CPD, the set of sites assessed for rede-
sign were expanded to include the residues proximal to the evolved positions
by 4 A˚, excluding surface positions, positions near the active site, and
positions that ultimately proved to prevent the calculation from reaching
convergence. Discrete backbone states were based on seven AdK structures
(Coun˜ago et al., 2006; Miller et al., 2010) and were used as input in the design
calculation (also see Figure 1 and Supplemental Information).
Differential Scanning Calorimetry
DSC (Nano DSC; TA Instruments) was used to assess the variants’ thermo-
dynamic folding parameters: transition midpoint temperature or Tm, transition
DHm, and DCp. The DSC experiments were performed with 100 mM AdK in
50 mM potassium phosphate (pH 7.5). Prior to measurement, samples
were incubated for 8–12 hr at 5C under mild reducing conditions with
100 mM dithiothreitol (DTT) to inhibit disulfide bond formation and better
maintain a two-state unfolding mechanism. Samples were then degassed
under reduced pressure for 15–30 min. Heating scans were performed under
3 atm pressure from 20C–90C at 1C/min following a 2,200 s equilibration
period after the cells were loaded. A cooling scan back to 20C confirmed
the reversibility of thermal denaturation for each variant. DSC experiments
were minimally performed in triplicate for statistical averaging (also see
Table S2).
Assessment of Thermoactivity
Activity for each of the progenitors and the 100 AdK designs was assessed for
preservation of enzymatic competence and thermoactivity profiling using a228 Structure 22, 218–229, February 4, 2014 ª2014 Elsevier Ltd All rdecoupled pyruvate kinase/lactic dehydrogenase (PK/LDH) enzymatic assay
that was previously described in the thermoactivity assessment of AdK
(Coun˜ago et al., 2006; Pen˜a et al., 2010). Briefly, diluted AdK (5 nM) is incu-
bated in base buffer (25mMpotassium phosphate, 5mMmagnesium chloride,
65 mM potassium chloride, pH 7.3) with 1 mM DTT and 2 mM ATP at the
desired temperature for 5 min. Enzymatic turnover is initiated by the addition
of AMP at a final concentration of 2 mM. Reaction is allowed to proceed for
8 min at the desired temperature before being quenched in a twofold dilution
with an ice-cold inhibitor, P1,P5-di(adenosine-50) pentaphosphate (AP5A;
1 mM final concentration), and transferred to an ice water bath. The quenched
AdK/AP5A sample is incubated for 5 min in an ice water bath before being
transferred to a secondary PK/LDH reaction mixture (additional information
is given in Supplemental Information).
In Silico Stability Scoring
Several scoring strategies were assessed in order to find a robust correlation
to the experimental thermostability measurements. Initial efforts were focused
upon simple rescoring of designs generated during the initial computational
designs, i.e., ORBIT and Dreiding energies. In turn, initial ORBIT structures
were rescored with Rosetta_v.3.4, FoldX_v3.0b, and Modeller_v9.11. Plots
showing the correlation of the scoring of the fixed ORBIT structures by each
of the scoring potentials correlated to the Tm are shown in Figures S3B–S3D.
Next, each of the ORBIT structures was reminimized using each of the
modeling suites. In the Rosetta software suite, ORBIT structures were
relaxed using the Rosetta Relax protocol, whereby structures were relaxed
back to constraints based on the position of the backbone heavy atoms
against the standard weights (Kaufmann et al., 2010). In FoldX, ORBIT struc-
tures were remodeled with RepairPDB/Optimize, which performs structure-
wide optimization by moving side chains to minimize Van der Waals clashes
(Christensen and Kepp, 2012; Guerois et al., 2002). In Modeller, ORBIT struc-
tures were remodeled through an automated comparative modeling cycle
(automodel routine) to generate 100 decoys (Eswar et al., 2007). Values
reported for Modeller reflect the average score of the 100 decoys. Plots
showing the correlation of the scoring of the reevaluated ORBIT structures
by each of the scoring potentials correlated to the Tm are shown in Figures
3E and 3F.
In turn, each sequence of the complete design set was modeled iteratively
against each of the 12 structures present in each of the progenitor PDB
depositions (Coun˜ago et al., 2006; Miller et al., 2010). Correlation plots for
the design set to modeling and scoring based upon each of the single
backbone models are shown in Figure S4. To recapitulate properties of the
discrete multistate CPD, correlation of the design set in which the scoring
and modeling of each design is made back to the progenitor scaffold was
used as input to the design cycle. This strategy of correlating each design
back to the progenitor structure from which the design was based is referred
to as discrete backbone modeling, shown in Figure 6C. In order to accommo-
date the potential for deviation of the designed sequences from the discrete
progenitor template, each of the design sequences was modeled to any of the
structural templates used as input to the design cycles (all chain A structures).
Energetically favorable designs were allowed to drift away from the starting
progenitor template to any of the other known structural states. The most
favorable score from each of the seven progenitor templates was used to
represent each design in correlation, referred to as backbone drift modeling,
shown in Figure 6D. Finally, modeling iteration, the progenitor drift model, was
expanded to the full structural space of the 12 known AdK structural states
allowing both chain A and chain B structures to be assessed, shown in
Figure 6E.
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